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ABSTRACT

Purpose: In this study, We aim to estimate a untrained person's three postures using a 2D CNN model
which is trained with minimal FFT data collected by a 24GHz FMCW radar. Method: In an indoor
space, we collected FFT data for three distinct postures (standing, sitting, and lying) from three
different individuals. To apply this data to a 2D CNN model, we first converted the collected data into
2D images. These images were then trained using the 2D CNN model to recognize the distinct features
of each posture. Following the training, we evaluated the model's accuracy in differentiating the
posture features across various individuals. Result: According to the experimental results, the average
accuracy of the proposed scheme for the three postures was shown to be a 89.99% and it outperforms
the conventional 1D CNN and the SVM schemes. Conclusion: In this study, we aim to estimate any
person's three postures using a 2D CNN model and a 24GHz FMCW radar for disastrous situations in
indoor. it is shown that the different posture of any persons can be accurately estimated even though
his or her data is not used for training the Al model.
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Table 1. Configuration parameters of FMCW radar

ShsAl7] 11 TR 31 AJate] o]l S AR 8o1o] mElS Bl AEsto] BAE Blojelt 58l AlES] o5

Parameters Values
Radar type FMCW (1-Tx & 1-Rx)
Start frequency 24000MHz
Stop frequency 24250MHz
Band width 250MHz
Range resolution 0.6m
Sampling Period 400ms
Low pass filter (theorical) 1250Hz
Low pass filter (current) 915Hz
High pass filter (theorical) 19.53Hz
High pass filter (current) 20Hz
Table 2. Main physical parameters of experiment participants
No. Gender Age Weight(KG) Height(CM)
Man 27 83 178
2 Man 23 60 177
Man 31 72 170

(a) Experiment setting (b) Stand

(d) Lie

Fig. 5. Experimental setting & experiment postures
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Table 3. Comparison of one subject's training set and others' test sets

No. Train set Test set
L. 1% target 2" target , 3"target
2. 2" target 1° target , 3"target
1° target 2" target , 3" target

Table 4. Comparison of two subject's training set and another test set

No. Train set Test set
L. 1% target , 2" target 3"target
2. 2"target , 3"target 1°! target
3. 1° target , 3"target 2" target
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Fig. 6. Model's appropriate parameters and Graph of accuracy and loss values for each model
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Performance Comparison with Other Schemes
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Fig. 9. Performance comparison between the proposed scheme and other schemes
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